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1. INTRODUCTION

In the last 10 years from 2021 to 2022 the total number of natural disasters that occurred in Indonesia
reached 33,080 natural disasters recorded in the data of the Indonesia’s National Disaster Management
Agency or BNPB. From 2015 to 2021 the number of natural disasters consistently showed a significant
increase with an average increase rate of 22% or an increase in the number of disaster events reaching
approximately 600 disaster events annually [1]. The losses caused by natural disasters are indeed diverse,
including numerous fatalities, injuries, and cases of missing persons. In addition to casualties, natural
disasters also cause material losses such as damage to facilities and infrastructure ranging from residents'
homes, educational facilities, health facilities, and worship facilities. Throughout 2022, there were 3,544
natural disasters, resulting in 861 deaths, 46 missing persons, 8,272 injured, and 8 million people affected.
Regarding facility damage, 95,000 houses were damaged to varying degrees, along with 1,983 public
facilities. Meanwhile, in 2021, 5,402 natural disasters occurred, causing 728 deaths, 87 missing persons,
14,000 injuries, and 7 million people affected. Facility damage included 150,000 houses with varying degrees
of damage, including severe destruction, and 1,400 public facilities were also damaged.

Among the many natural disasters that occurred at the same time based on data from Indonesia’s
National Disaster Management Agency, Java Island became one of the islands with the highest number of
natural disasters in Indonesia, in 2022, as many as 1,838 natural disasters occurred on Java Island from a total
of 3,544 disasters, this indicates that throughout 2022, 50% or half of the total number of natural disasters in
Indonesia occurred on Java Island [1]. There are many factors that cause Java Island to be one of the areas
with a high number of natural disasters in Indonesia, one of which is due to the geographical location of Java
Island through which tectonic plates and volcanic rings are so active in parts of West Java, Central Java, and
East Java [2].

In addition to its geographical location, the population density in Java Island is also one of the causes
why Java Island is prone to disasters and environmental damage around it and affects the disaster index and
high risk on the island of Java [3]. Based on this, the government should pay more attention to mitigation or
disaster management in Java. Society also needs to know how the impact of natural disasters that occur on
the island of Java and know which areas are prone to disasters when viewed from how often a disaster occurs
in the area, the types of disasters that often occur, and how the impact of losses incurred for future anticipatory
steps in minimizing the risk of casualties and property losses. Preparation and planning for disaster
management or mitigation are crucial, especially on data and information that can be used as a basis for
making decisions on mitigation efforts, with the aim of reducing losses caused by disasters. The information
and data can be obtained through the process of analyzing and processing historical data of natural disasters
that have existed before. Many methods can be used to help process and analyze data, the most popular
example today is data mining, a method that has been around for a long time. Among the many data mining
techniques available, clustering is one of the simplest and most frequently used by researchers. Clustering is
included in the unsupervised learning, which is a machine learning that does not require an equation model
but determines the pattern of data [4]. The foundation of machine learning lies in using statistical inference
and mathematical modeling to analyze data, detect patterns, and perform tasks such as classification or
prediction [5].

Research on clustering with the K-Prototypes method has been conducted by Annas et al for clustering
tectonic earthquakes on Sulawesi Island. The use of K-Prototypes method as a clustering method is because
the variables used are mixed (numerical and categorical) [6]. Another paper that discusses the use of the K-
Prototype algorithm for clustering on mixed data was conducted by Refaldy et al for-clustering cities in South
Sulawesi Province based on community welfare indicators. The K-Prototype algorithm was chosen because
of its ability to process data with mixed types, numerical and categorical. One of the challenges in applying
this algorithm is determining the optimal number of clusters. To overcome this, researchers can use the Elbow
method which analyses the Sum of Squared Errors (SSE) graph against various numbers of clusters [7].

This research will be conducted with the aim of clustering the level of disaster vulnerability of regions
on the Java Island with the K-Prototypes method to observe which areas are included in the vulnerable
category or not based on the type of natural disaster, the number of events, the number of casualties, and the
amount of damage to facilities caused by the disaster that occurred. The use of the K-Prototypes algorithm in
this study presents a notable methodological contribution, as it effectively handles mixed-type data,
comprising both numerical variables and categorical variables. Traditional clustering methods such as K-
Means are limited to numerical data, while K-Modes is suitable only for categorical data.
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In contrast, K-Prototypes integrates the strengths of both, making it particularly suitable for real-world
disaster datasets that typically contain a combination of variable types. The results of clustering areas based
on natural disaster data will serve as a reference or guideline to identify disaster-prone areas by considering
the intensity of the incident, the amount of loss caused, and the types of disasters occurring in the area.
Additionally, the analysis of casualties and material losses can help assess the risks associated with the
region's level of natural disaster vulnerability.

2. RESEARCH METHODS

This research uses a disaster dataset taken from BNPB which occurred in Java Island in a period of 10
years, starting from 2012 to 2022 with data attributes that will be used, namely the Name of Provinces in Java
Island, Number of Events Per Province, Number of Victims, and Number of Damaged Facilities. The disaster
data includes natural disaster data categories, namely landslides, earthquakes, floods, Tornadoes, and forest
and land fires. In this research, the mapping of disaster-prone areas per regency in the province of Java Island
was carried out. Furthermore, the clustering results serve as a basis for estimating future potential economic
losses, as each cluster represents regions with similar historical disaster profiles. Potential loss refers to the
estimated economic damage reported for each disaster event, measured in Indonesian Rupiah (IDR). The data
was obtained from official records published by BNPB between 2012 and 2022. These values include
infrastructure damage, property loss and other direct economic impacts.

This research aims to apply K-Prototypes in mapping disaster-prone areas in Java Island based on the
intensity of events and types of disasters. The results of this mapping will be analyzed to determine the
relationship between the impact of losses incurred with the level of disaster vulnerability in each group of
areas. The impact of loss analysis can be seen from the calculation of potential loss analysis per cluster for
each type of disaster. The results of this study can be used as reference material for the government or related
institutions in determining preventive efforts to minimize the impact of natural disaster losses, especially in
Java.

Basically, natural disasters can be grouped from the causes of occurrence as follows: first, geological
natural disasters, which are disasters that occur due to the movements of elements in the bowels of the earth
such as the movement of tectonic plates that can result in earthquakes and tsunamis. Second, climatological
natural disasters, which are disasters that can occur due to changes or climatic conditions such as floods,
strong winds, and drying springs. And third, extra-terrestrial natural disasters, which are disasters caused by
activities in the solar system such as the movement of asteroids and meteors colliding in the sky that can have
an impact on the earth's surface.

2.1. Clustering Method

Data mining is a process of discovering new relationships, patterns and habits in data or objects. This
process is done by extracting big data and processing or analyzing it using mathematical processes. Data
mining can be a combination of machine learning techniques with the application of mathematical or
statistical sciences such as pattern recognition, statistical processing, and visualization to handle information
retrieval problems from large databases [8], [9]. Data clustering is a process to group datasets whose class
attributes have not been described. A simple explanation of clustering is that if we have a large data set, the
first process we do is to group the large data into several clusters and then transform it into an ordered set so
that it can be simplified into certain groups. Cluster can also be interpreted as a collection of things. Before
doing the analysis, it is necessary to understand that a given dataset already has similarities between its
members. Therefore, each member with the same characteristics is divided into several groups [10]. The
purpose of clustering this data is to minimize diversity within groups and maximize the type of diversity
between groups [11].

The clustering method is part of unsupervised data mining because it does not analyze the relationship
between variables. This technique is used to group data that has similarities in a large database. This clustering
also makes it easier for us to analyze large data into small groups so that it is more effective and efficient.
Clustering can be divided into two, the first is hierarchical clustering, which classifies data into clusters with
a clear hierarchy (level) between data. The second is the non-hierarchical clustering method, which is
clustering without a hierarchy by randomly determining the number of clusters at the beginning. One example
of non-hierarchical clustering is K-Means Clustering and K-Prototypes [4], [11].
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K-Means Clustering is one of the non-hierarchical clustering methods where the clustering is done by
determining the initial number of clusters by randomly determining the initial centroid value. In K-Means,
data is partitioned into separate sets Cq, Co, ..., C}, with C; each represented by a centroid or center point. K-
Means Clustering will work by measuring the squared distance between each point X to the center of mass
of its cluster or called the centroid, which will be grouped based on the results of measuring the smallest
distance to the centroid. The smaller the distance of the point to the centroid means that the data collected is
closer together. In other words, minimizing the Within-Cluster Sum of Squares (WCSS) value which is
defined in Eq. (1) as follows:

k

argmin ) " llx - w2, (0

i=1 xeC;

H; is the means or average value of the points in cluster €; which is also known as the centroid. The centroid
value in K-Means can be defined in Eq. (2) as follows:

w(C) = argmin )" d(xw? )

x €C;

In K-Means Clustering the centroid starting point will be determined randomly. Data that is close to
the center or centroid will form a new data group or group. The process continues to repeat or is called
iterative until there is no change in each group or it has converged [ 12] . Research on clustering disaster areas
has also been carried out by Dewi et al using K-means clustering [13], but the limitations of using the K-
means clustering method can only be used for numerical data.

K-Prototypes is one of the partition-based clustering methods. This method is the result of the
development of the K-Means method to handle clustering on numerical data and K-Modes for categorical
data. The smaller the distance of a point to the centroid means that the clustered data is closer together. The
general steps to use the K-Prototypes algorithm in clustering disaster-prone areas are:

1. Data preparation
Collect relevant data on disaster-prone areas, including numerical and categorical data. In
addition, before performing data processing, it is necessary to ensure that the data is ready to be
processed and ready to be used.

2. Normalization of numerical data
Perform normalization on numerical data to avoid bias caused by different scales. Commonly used
normalization methods are min-max scaling or z-score normalization.

3. Encoding categorical data
Convert categorical data into a numerical representation that can be used in clustering algorithms.
You can use methods such as one-hot encoding or label encoding, depending on the data
characteristics and analysis needs.

4. Determine the number of clusters (k)
Determine the desired number of clusters to group disaster-prone areas. This can be done based
on domain knowledge, visual analysis, or using appropriate cluster number selection methods
such as elbow method or silhouette analysis.

5. Centroid initialization
Perform initial initialization for the centroid or cluster center using a suitable method. A common
initializations option is to randomly select some data points as the initial centroid.

6. Clustering iteration
Running the k-prototypes algorithm by performing iterations to optimize the centroid position and
group the data into appropriate clusters. This process involves calculating the distance between
the data and the centroid and updating the centroid position based on the data.

7.  Evaluation of clustering results
Evaluate the clustering results using evaluation metrics. Visual analysis can also help in
understanding and interpreting the clustering results.

8. Interpretation and follow-up
Interpret and analyze the clustering results to gain insight into the patterns and characteristics of
the disaster-prone areas formed in each cluster.
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2.2. Evaluation Method

Silhouette coefficient is an evaluation metric used to measure the quality of clustering or separation of
data into groups (clusters). The silhouette coefficient provides information on how well each data object fits
in the cluster it is placed in. The silhouette coefficient combines two concepts, namely cohesion and
separation. Cohesion describes how close the data objects in a cluster are to other data objects in the same
cluster. Separation describes how far data objects in a cluster are from data objects in other clusters [14]. It
is necessary to calculate the silhouette index value of the i-th data to calculate the silhouette coefficient value.
The silhouette coefficient value is obtained by finding the maximum value of the Global Silhouette Index
value from cluster number 2 to cluster number n — 1 with the following Eq. (3):

SC = (max)y SI(k) 3)

where SC is the Silhouette Coefficient, SI is the Global Silhouette Index, and k is the number of clusters. To
calculate the SI value of an i-th data, there are 2 components, namely a; and b;. The value of a; is the average
of the i-th distance to all other data in one cluster, while b; is obtained by calculating the average distance of
the i-th data to all data from other clusters that are not in the same cluster as the i-th data, then the smallest is

taken [ 11]. The equations to calculate the values of a{ and bij are defined in Egs. (4) and (5) as follows:
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From Egs. (4) and (5), the equations to obtain the values of S1 Lj

- (8) as follows:

, §1;, and SI are shown in equations Eqs. (6)

. b.j — aj
SIj = ————5 ©)
max{ai , b;
mj
1 j
siy=—>"stf, )
m.
7=
k
s1= 2 > s ®)
= T )
j=1
with the description:
j : j-th cluster;
i :i-th data (i = 1,2,---,m;);
a{ : average distance of i-th data to all data in one;
cluster m; : number of data in j-th;
cluster d(x/,x]) : distance of i-th data to r-th data in one cluster j;
bi] : the average distance of the i-th data to all data that is not in a cluster;
my, : number of data in the n-th cluster;
d(xi] , x;‘) : distance of i-th data to j-th data in one cluster-n;
S Il-} : silhouette index of i-th data in a cluster;
S : silhouette index of-i (i = 1,2, ..., m;) in a cluster;
k : number of cluster data.

The subjective criteria for clustering measurement based on the Silhouette Coefficient according to
Kauffman and Roesseeuw [14], [15] can be seen in Table 1 as follows:
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Table 1. Silhouette Measurement Criteria

Silhouette Coefficient Value Criteria
0.71-1.00 Extremely Robust Structure
0.51-0.70 Robust Structure
0.26 - 0.50 Weak Structure

<0.25 Extremely Weak Structure

Table 1 illustrates the classification of silhouette measurement criteria into several categories based on
the silhouette score values. The silhouette score ranges from -1 to 1, where a positive value indicates that an
object is appropriately assigned to its cluster, whereas a negative value suggests that the object may have
been misclassified. A silhouette score approaching 1 signifies that the object is well matched to its own cluster
and poorly matched to neighbouring clusters. A score near 0 indicates that the object is located on or very
close to the decision boundary between two adjacent clusters, potentially implying cluster overlap. A negative
score indicates that the object may have been assigned to an incorrect cluster. Specifically, a silhouette score
in the range of 0.71 to 1.00 denotes an excellent fit within the cluster. Scores between 0.51 and 0.70 represent
a good fit, while scores from 0.26 to 0.50 reflect suboptimal clustering. Scores below 0.25 suggest poorly
defined cluster boundaries, with many objects situated near or between neighbouring clusters [16].

The Davis-Bouldin Index is a method used to measure the extent to which a clustering algorithm is
successful in separating distinct groups (clusters). This index combines measures of density and distance
between the clusters formed. The Davies Bouldin (DB) Index checks the sum of the similarity of the data to
the cluster centers of the cluster and the distance between the cluster centers of the cluster [ 17]. The DB index
produces a numerical value that represents the quality of the clustering. The lower the DB index value, the
better the clustering algorithm is at separating different groups. The minimum DB index value is zero, which
indicates perfect clustering. The DB index is calculated by finding the Sum of Square Within (SSW) value
of the cluster to determine the distance of points in an i-th cluster which can be seen in Eq. (9) as follows
[18]:

m;
1
SSW,; = ;Zd (Xj ,Ci), (9)
i 4=
j=i

with m; as the number of data in i-th cluster; c; as the i-th centroid cluster; and d(xj, ci) as the Euclidian
distance in each data to centroid.

2.3. Data

The data used in this research is secondary data consisting of a dataset of natural disasters that occurred
in Java Island within a period of 10 years, namely 2012 - 2022. The natural disaster data used consists of 5
(five) natural disaster variables, namely Landslides, Earthquakes, Floods, Tornadoes, and Forest and Land
Fires. All data used were taken from Information Data of Indonesia’s National Disaster Management Agency
(DIBI BNPB). The initial stages of the work began with data collection taken from the Indonesian Disaster
Information Data website of BNPB. The data taken are data on the types of disasters Floods, Landslides,
Tornadoes and Earthquakes, data on the names of provinces in Java Island there are 6 (six) namely Banten,
DKI Jakarta, West Java, Central Java, East Java, and D.I Yogyakarta, data on Cities in Java Island there are
119 Cities, Number of Disaster Events, Number of Casualties, and Number of Damage to Facilities. The
Natural Disaster dataset can be seen in Table 2 below:

Table 2. Natural Disasters Dataset

. . Number of Number of
Disaster . Disaster Count . -
Tvpes Province Regency (Events) Casualties Facility D.amages
yp (People) (Unit)

Flood Banten Lebak 37 68,967 382

Flood Banten Pandeglang 25 260,132 270

Flood Banten Serang 81 131,013 433

Flood Banten Tangerang 17 255,556 20

Flood Banten Cilegon 15 92,096 10

Earthquake East Java Surabaya 0 0 0

Earthquake East Java Batu 1 0 8
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The next stage is data pre-processing; this stage is carried out to prepare and process raw data into data
that is ready for analysis or mining process. At this stage, checking for missing values or empty values in the
data and checking outlier data. In the data on the number of events, number of victims, and number of
damaged facilities in all categories of natural disasters have several outlier values and some of the values are
quite extreme. To minimise the extremity of these outliers, outliers will be handled using winsorization
technique by replacing the outlier values with the nearest less extreme values [ 19]. Winsorization can be done
by selecting a certain percentile boundary, such as the 1st percentile or 99th percentile, as the cutting or
replacement point. Values below or above the percentile limit will be replaced with the percentile value. In
the data used in this study, extreme outlier values will be replaced with the lower limit value of the 5%
percentile and the upper limit of the 95% percentile. After winsorization, the outlier data that was so extreme
before has reduced the level of extremity [19], [20].

The next stage is data standardisation. Data standardisation is the process of converting data into a
uniform scale or having consistent characteristics. The aim is to facilitate comparison and analysis of data
that have different scales or have large variations. With standardisation, variables with different scales or
large variability can be aligned, allowing for more accurate decision-making and the discovery of clearer
patterns in the data. At this stage, the numerical data that has gone through the outlier handling process will
be scaled. The scale function will standardise the data using the Z-score method. The Z-score method, also
known as standard score, is used to transform data by turning it into a normal distribution with a mean of 0
and a standard deviation of 1. In the context of the scale function, each value in the dataset will be reduced
by the mean of the dataset, then the result will be divided by the standard deviation of the dataset. Thus, the
data will be on the same scale and can be compared relatively.

3. RESULTS AND DISCUSSION

This research presents the results of clustering of disaster-prone areas on the island of Java based on
the number of incidents, number of victims, and amount of damage to facilities using the K-Prototypes
Method. The data was taken from information data of BNPB with the types of disasters observed are: Floods,
Landslides, Tornadoes and Earthquakes. The province observed in this research include Banten, DKI Jakarta,
West Java, Central Java, Java East, and D.I Yogyakarta and the data consist of 119 cities across Java Island,
including information on the number of disaster events, casualties, and damages facilities.

3.1 Clustering of Earthquake-Prone Areas

The clustering of earthquake-prone areas aims to categorize regions based on their vulnerability to
earthquake occurrences. Table 4 Clustering of earthquake-prone areas is determined from cluster
visualization by determining a random value k which states the number of clusters. The value of k can be set
tok = 2,3,4,5, ..., n. Afterwards, cluster evaluation will be carried out with Davis Bouldin Index (DBI) and
a lower DBI indicates better separation between clusters and higher clustering quality. From the calculation
of the Davies Bouldin Index, it can be concluded that the number of clusters of earthquake-prone areas is 2
clusters.

Table 3. Davis Bouldin Index of Earthquake

Number of Cluster Davis Bouldin Index
2 1.218
3 2.153
4 2.074
5 1.904

Table 4. Clustering Earthquake Prone Areas
Cluster Number of Incidents Number of Casualties Number of Damage to Facilities
0 2 1 37
1 33 2104 2418

The frequency of earthquake disasters, casualties, and damage caused in cluster 0 is very small
compared to cluster 1. This indicates that cluster 1 has a greater risk and impact from earthquake disasters
compared to cluster 0. Cluster 0 describes earthquake disasters that tend to have lower values in terms of the
number of occurrences, the number of fatalities, and the level of damage to facilities. Most regencies in the
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sample fall into this cluster, with 102 out of a total of 118 regencies (approximately 86.4%). The most
common regency is East Java province, with 35 out of 38 regencies in the sample. However, it should be
noted that the number of damaged facilities in this province is very high, reaching 6277 units. Cluster 1
describes earthquake disasters that tend to have higher values in terms of the number of events, the number
of casualties, and the level of damage to facilities. The number of samples in this cluster is 16 regencies
(approximately 13.6%). West Java is the most province affected by earthquakes, with 9 regencies in this
cluster. However, the worst damage occurred in East Java Province, where the number of damaged facilities
reached 19,192 units. The frequency of earthquake disasters, casualties and damage occurring in cluster 0 is
very small compared to cluster 1. This indicates that cluster 1 has a greater risk and impact of earthquake
disasters compared to cluster 0.
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Figure 1. Figure Clustering of Earthquake Prone Areas

In Fig. 1, red dots represent areas with high risk (cluster 1), while green dots indicate low risk (cluster
0). The distribution of earthquake-prone areas is dominated by West Java and some areas of Banten, as well
as East Java. The affected areas are in coastal areas facing the Indian Ocean. It is likely that the earthquake
occurred because the area coincides with the location where the Indo-Australian and Eurasian Plates meet,
making it vulnerable to earthquakes. These areas include the southern region of West Java, then Banten,
especially areas along the South Coast, several areas in Central Java such as Yogyakarta, Semarang, and Solo
are also within the earthquake-prone zone, and several areas known to have a high earthquake risk in East
Java include Surabaya, Malang, and surrounding areas.
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Figure 2. The Zoomed in Clustering of Earthquake Prone Areas

Table 5. Potential Losses of Earthquake Disasters

Cluster Total Potential Loss Average Potential Loss
0 202558822 1984890
1 98519413 6157463

187

Table 5 shows that cluster 0 has a greater potential loss value than cluster 1. However, the average of
potential loss of, cluster 1 is three times higher to cluster 0. In Table 6 describe average potential losses of
earthquake disaster per province and obtain that West Java Province is the region with the highest average
potential loss, reaching Rp 160,287,764. Meanwhile, the province with the lowest average potential loss for
earthquake disasters is DKI Jakarta, with an average potential loss value of Rp 11,303,088,-. The potential
losses referred to in this study refer to economic losses, measured in Rupiah (IDR), as reported by the National
Disaster Management Agency (BNPB) from 2012-2022. These losses include damage to infrastructure,
collapse of housing, and disruption to economic activities. Damage reports were converted into standardized
economic loss estimates to enable comparisons between regions. The estimated potential results for each

cluster are an accumulation of potential loss data per cities.

Table 6. Average Potential Losses of Earthquake Disasters Per Province

Province Average Potential Loss
Banten 26761398
DI Yogyakarta 23586596
DKI Jakarta 11303088
West Java 160287764
Central Java 22126570
East Java 56912819

3.2 Clustering of Flood Prone Areas

Through the application of the K Prototype method, it was found that the flood disaster on Java Island
could be divided into two clusters (k = 2). The determination of this cluster is also supported by the results
of the smallest Davis Bouldin index, namely the number of clusters is 2. The following is the division of the

cluster:

Table 7. Clustering of Flood Prone Areas

Cluster Number of Incidents Number of Casualties = Number of Damage to Facilities

0 20 15366 297
1 65 231600 1095
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Table 8. Davis Bouldin Index of Flood

Number of Cluster Davis Bouldin Index
2 0.886
3 3.585
4 2.350
5 4.064

Table 7 shows that cluster 0 has 79 data and has an average number of events of 20 events, an average
number of victims of 15,366 people, and an average number of damages to facilities of 297 units. While in
the second cluster (cluster 1) there are 40 data with an average number of flood disasters of 65 events, with
an average number of victims of 231,600 people, and an average number of damages to facilities of 1095
units. This means that the areas included in cluster 1 are areas that have a higher level of natural disaster
vulnerability than the areas in cluster 0.

Number of Regencies in each Cluster per
Province
30
25
20
15

10
0

Banten DKl Jakarta DIYogyakarta West Java Central Java East Java

Number of Regencies

Province

M Cluster 0 Cluster 1

Figure 3. Number of Regencies in each Cluster per Province

Cluster 0 describes flood disasters which tend to have lower values in terms of number of incidents,
number of fatalities, and level of damage to facilities. Most cities in the sample are included in this cluster,
covering 79 cities (around 66.4% of the total sample). The most common cities or regencies are found in the
province of East Java, with 28 cities or regencies followed by Central Java which has 22 cities or regencies
in this cluster. However, Banten Province is the province with the highest average number of victims in this
cluster with an average of 52,566 people.

Cluster 1 describes flood disasters which tend to have higher values in terms of the number of incidents,
number of fatalities, and level of damage to facilities. The number of sample cities in this cluster is 40 cities
(around 33.6%). The sample cities in Central Java are the provinces most affected by the flood disaster with
13 cities in this cluster. The provinces of East Java and West Java also have 10 cities and 9 cities that are
included in this high-risk cluster. Cluster 1 has an average of 65 flood events per city or district, almost three
times more than cluster 0 with low risk. The average number of fatalities in cluster 1 (231600) is much higher
than in cluster 0 (15366), while the average damage to facilities in cluster 1 (1095) is almost four times higher
than in cluster 0 (297). This shows that cluster 1 has a greater risk and impact from flood disasters compared
to cluster 0.
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Table 9. The Occurrence of Flood Disaster for Each Province based on Clustering Results
Average

Average Number of

Province K- Average Number of Number of Facility Number of Number
Prototypes Occurrence  Incident . Facility of Cities
Casualties Damages
Damages
Central Java Cluster 0 24 533 12596 4058 184 22
West Java Cluster 0 22 393 12636 7683 427 18
East Java Cluster 0 18 514 16232 11387 407 28
Banten Cluster 0 12 35 52556 15 5 3
DKI Jakarta Cluster 0 11 33 30116 3 1 3
DI Yogyakarta  Cluster 0 9 46 1372 354 71 5
Central Java Cluster 1 74 968 147989 20899 1608 13
West Java Cluster 1 73 659 459548 10263 1140 9
DKI Jakarta Cluster 1 62 186 337981 956 319 3
East Java Cluster 1 60 596 136324 5531 553 10
Banten Cluster 1 35 173 165405 6150 1230 5

Figure 4. Figure Clustering of Flood Prone Areas

In Fig. 4, red dots represent areas with high risk (cluster 1), while green dots indicate low risk (cluster
0). The areas most affected by disasters are mainly located along the coastal areas facing the Java Sea. This
could possibly happen because coastal cities are vulnerable to floods or large tides which cause water
overflows to become floods.
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Figure 5. The Zoomed-In Clustering of Flood Prone Areas

Table 10. Potential Losses of Flood Disasters

Cluster Total Potential Loss Average Potential Loss
0 107136321 1356156
1 145969674 3649242

The analysis of potential losses resulting from flood disasters indicates that, overall, Cluster 1 exhibits
a higher potential loss value than Cluster 0, both in terms of total and average losses, as presented in Table
10. Table 11 describes the average potential flood losses by province and shows that East Java records the
highest average potential loss, amounting to IDR 75,078,860. However, this difference is not significantly
greater compared to the average losses observed in Central Java and West Java provinces.

Table 11. Average Potential Losses of Flood Disasters Per Province

Province Average Potential Loss
Banten 23897157
DI Yogyakarta 4362885
DKI Jakarta 29794195
West Java 59318855
Central Java 60654043
East Java 75078860

3.3 Clustering of Tornado Areas

Through the application of the K-Prototypes method, it was found that tornado-prone areas on Java
Island could be categorized into two clusters (k = 2). The results of determining the cluster based on the
results of the smallest Davis Bouldin index, namely the number of clusters is 2.
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Table 12. Davis Bouldin Index of Tornado

Number of Cluster Davis Bouldin Index
2 1,289
3 1,408
4 1,513
5 1,719

This clustering result provides an overview of the regional distribution based on the frequency of
tornado occurrences, the number of casualties, and the extent of material losses, which can serve as a
reference for disaster mitigation planning and risk management efforts. In this study, the term "tornado" refers
to small-scale local windstorms that occur more frequently in Indonesia, which differ from the large-scale
tornadoes commonly found in countries such as the United States. In Indonesia, these local wind disasters
are known as Puting Beliung. The following is the division of the cluster:

Table 13. Clustering of Tornado Prone Areas

Cluster Number of Incidents Number of Casualties Number of Damage to Facilities
0 23 229 578
1 109 3545 2523

Cluster 0 describes the Tornado disaster which tends to have lower values in terms of number of
incidents, number of fatalities, and level of damage to facilities. Most cities in the sample are included in this
cluster, covering 81 of the total 118 cities (around 68.6%). The most common cities or regencies are in the
province of East Java, with 31 of the 38 sample cities or regencies located within it. This illustrates that most
areas in East Java province tend to experience the Tornado disaster with a relatively lower impact. Cluster 1
describes the Tornado disaster which tends to have higher values in terms of number of incidents, number of
fatalities, and level of damage to facilities. The number of sample cities in this cluster is 37 cities (around
31.4%). The sample cities in Central Java are the provinces most affected by the Tornado disaster with 16
cities in this cluster. Cluster 1 had an average of 109 Tornado events per city, almost five times more than
cluster 0 with low risk. The average number of fatalities in cluster 1 (3545) is much higher than in cluster 0
(229), while the average damage to facilities in cluster 1 (2523) is almost five times higher than in cluster 0
(578). This shows that cluster 1 has a greater risk and impact from the Tornado disaster compared to cluster
0.
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Figure 7. The Zoomed-In Clustering of Tornado Areas

From the cluster map graph, red dots represent areas with high risk (cluster 1), while green dots indicate
low risk (cluster 0). The areas most affected by disasters are mainly located along coastal areas facing the
Indian Ocean. However, the impact was also seen in the northern part of Central Java Province. This pattern
may explain why Central Java has the highest number of tornado disasters on Java Island.

Table 14. Potential Losses of Tornado Disasters

Cluster Total Potential Loss Average Potential Loss
0 736406981 9091444
1 417257370 11277226

Analysis of potential losses from the Tornado disaster shows that overall, cluster 0 has a greater
potential loss value than cluster 1. However, when averaged, cluster 1 has a higher potential loss than cluster
0. West Java Province is a region with the highest average potential loss, reaching IDR 340,224,460 as shown
in Table 15. However, the difference is not very significant with the provinces of East Java and Central Java.

Table 15. Average Potential Losses of Tornado Disasters Per Province

Province Average Potential Loss
Banten 95169617
DI Yogyakarta 26993157
DKI Jakarta 98417763
West Java 340224460
Central Java 277380567
East Java 315478787

3.4 Clustering of Landslide Prone Areas

Through the application of the K Prototype method, it was found that the landslide disaster on Java
Island could be divided into two clusters (k = 2). The results of determining the cluster based on the results
of the smallest Davis Bouldin index, namely the number of clusters is 2.

Table 16. Davis Bouldin Index of Landslide

Number of Cluster Davis Bouldin Index
2 0,777
3 0,910
4 3,514
5 3,203

Table 17. Clustering of Landslide Prone Areas
Cluster Number of Incidents Number of Casualties Number of Damage to Facilities
0 16 163 98
1 134 5066 565
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Cluster 0 describes landslide disasters which tend to have lower values in terms of number of incidents,
number of fatalities, and level of damage to facilities. The majority of cities in the sample are included in this
cluster, covering 83 of the total 118 cities (around 70.3%). The most common cities or regencies are in the
province of East Java, with 35 of the 38 sample cities or regencies located within it. However, it can also be
seen from Table 17 that the number of damaged facilities in this province is quite high if not averaged out.
Cluster 1 describes landslide disasters which tend to have higher values in terms of number of incidents,
number of fatalities, and level of damage to facilities. The number of sample cities in this cluster is 35 cities
(around 29.7%). The sample of cities or regencies in Central Java is the province most affected by the
landslide disaster with 15 cities or regencies followed by West Java Province with 13 cities or regencies.
Cluster 1 had an average of 134 landslide events per city or district, more than eight times more than cluster
0 with low risk. The average number of fatalities in cluster 1 (5066) is much higher than in cluster 0 (163),
while the average damage to facilities in cluster 1 (565) is almost five times higher than in cluster 0 (98). This
shows that cluster 1 has a greater risk and impact from the landslide disaster compared to cluster 0.
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Figure 9. The Zoomed-In Clustering of Landslide Prone Areas

From the cluster map graph, red dots represent areas with high risk (cluster 1), while green dots indicate
low risk (cluster 0). The areas most affected by disasters are mainly located in highland areas which increase
the risk of landslides.
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Table 18. Potential Losses of Landslides Disasters

Cluster Total Potential Loss Average Potential Loss
0 21758158 262146
1 63226496 1806471

Based on the Table 18 shows that cluster 1 has a greater potential loss and average potential loss than
cluster 0. The potential loss of cluster 1 is almost three times higher to cluster 0 and the average potential loss
of cluster 1 has a much higher value than cluster 0.

Table 19. Average Potential Losses of Landslides Per Province

Province Average Potential Loss
Banten 3127240
DI Yogyakarta 1802631
DKI Jakarta 0
West Java 42792448
Central Java 22496438
East Java 14765896

Analysis of potential losses from the Landslide disaster shows that overall, cluster 1 has a greater
potential loss value than cluster 0 both in number and average. In Table 19 show West Java Province is the
region with the highest average potential loss, reaching IDR 42,792.448. One of the interesting points is that
DKI Jakarta did not experience any potential losses at all due to the landslide disaster.

Based on the overall analysis of disasters, it can be concluded that tornadoes represent the disaster type
with the highest level of potential loss and the second most frequent occurrence in Indonesia. On average,
each tornado event results in a loss of approximately IDR 200,000.00. Earthquakes rank second in terms of
total potential loss among natural disasters. Although earthquakes occur the least frequently among the four
disaster types analysed, they cause the highest average potential loss, amounting to approximately IDR
425,000.00 per event. Floods represent the third most frequent disaster and rank third in both total and average
potential losses. Meanwhile, landslides are the most frequently occurring natural disaster in Indonesia.
However, they contribute the least to total potential losses, resulting in the lowest average loss per incident.

4. CONCLUSION

This research produces clusters of cities potentially prone to earthquakes, floods, Tornadoes, and
landslides based on data analysis of natural disaster events in Indonesia from 2012 to 2022. West Java is
identified as a region highly vulnerable to all four observed disasters, while DKI Jakarta is an area that is
more potentially prone to floods. Central Java shows high vulnerability to floods, landslides, and Tornado,
whereas East Java is prone to floods, landslides, and earthquakes. Additionally, based on the analysis of
potential losses and clustering results, West Java and East Java are among the top three regions with the
highest potential losses for each observed disaster, making them key areas for prioritized mitigation efforts.
This research produces clusters of cities that are potentially vulnerable to earthquakes, floods, tornadoes, and
landslides based on data analysis of natural disaster events in Indonesia from 2012 to 2022. West Java was
identified as a highly vulnerable region to all four observed disasters, while DKI Jakarta Research obtained
clustering effectiveness results through the calculation of the Davies-Bouldin Index (DBI). A lower DBI
indicates better separation between clusters and higher clustering quality. The DBI obtained indicates that the
clusters are reasonably well separated and supports the validity of the clustering results. The findings are
expected to be used as future projections to determine the probability of disaster occurrence and estimated
losses from disaster probability information, which can then be used for insurance calculations as part of a
risk minimisation strategy. Furthermore, the method can be further developed by incorporating additional
relevant datasets to enhance analysis accuracy.
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